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Abstract
Automated legal case retrieval is a critical yet challenging task due
to the extreme length of judicial documents and the complexity
of judicial reasoning. In this paper, we present our multi-stage
framework for the COLIEE 2026 Task 1 (Legal Case Retrieval). To
address the challenges of long-form legal texts, we first employ a
structural abstraction strategy that distills cases into key factual and
logical components. Our retrieval pipeline utilises a hybrid strategy
combining BM25 with BGE-M3 dense embeddings, establishing
a high-recall foundation (≈0.85). For the subsequent re-ranking
stage, we move beyond general-purpose semantic matching by
leveraging fine-tuned MonoT5 models and SaulLM-7B, a specialised
legal large language model. This transition allows the system to
prioritise logic over surface-level topical similarity. Among the three
runs we submitted, the best performance achieved by the proposed
framework reached a final precision of 0.2480 and an F1-score of
0.2645 on the evaluation set, improving upon the retrieval-only
baselines. These results indicate that combining hybrid retrieval
with domain-adapted re-ranking is a promising approach.
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1 Introduction
As the body of case law continues to expand, it becomes increasingly
challenging for legal professionals to identify relevant precedents
efficiently. Automated legal Information Retrieval systems can help
address this difficulty by retrieving prior cases that may support
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judicial decision-making. The Competition on Legal Information
Extraction and Entailment (COLIEE) provides a standardised bench-
mark for evaluating such systems, with a particular focus on legal
retrieval and entailment tasks.

In this paper, we focus on Task 1: Legal Case Retrieval, which
aims to automatically retrieve “noticed cases” for a given query
case. Following the official task definition1, a noticed case refers
to a prior case that is referenced by the query case and serves as
supporting evidence for its legal decision. To ensure a realistic
evaluation setting, all citation information is removed from the
query cases, requiring systems to infer these relationships solely
based on textual and semantic similarity. Given a corpus of Federal
Court of Canada case law, the task requires fully automatic retrieval
without any human intervention, and participants must predict the
noticed cases without access to the test labels before submission.

Legal case retrieval poses several challenges. First, legal docu-
ments are often lengthy and structurally complex, making it difficult
for traditional keyword-based methods to capture deep semantic
relationships. Second, legal relevance is not determined by lexical
overlap alone, and accurate retrieval often depends on semantic
and reasoning cues beyond exact term matching [9]. Finally, in
the COLIEE Task 1 setting, the number of relevant cases varies
substantially across queries, which complicates threshold selection
and result filtering.

To address these challenges, we propose a multi-stage retrieval
and re-ranking framework. Our approach first leverages large lan-
guagemodels (LLMs) to generate structured summaries that capture
key legal elements of each case. We then employ a hybrid retrieval
strategy that combines lexical matching using BM25 with semantic
similarity based on BGE-M3 embeddings to generate candidate
cases [3]. Finally, we apply domain-specific re-ranking to refine the
retrieved candidates and improve final retrieval performance. This
design is intended to better capture semantic relationships between
legal cases and produce more accurate retrieval results.

Our main contributions are as follows:
• We developed an LLM-based legal abstraction step to gen-
erate structured case summaries, reducing noise while pre-
serving essential legal information;

• We build a hybrid retrieval framework that combines lexical
matching with dense semantic representations for legal case
retrieval over long documents;

• We conduct a comparative study of general-purpose and
domain-specific re-ranking models, demonstrating the effec-
tiveness of legal-specialised models in capturing fine-grained
case relationships.

1https://coliee.org/COLIEE2026/tasks/task1
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2 Task Description
Task 1 of COLIEE focuses on legal case retrieval over a corpus
of Federal Court of Canada decisions. The dataset consists of a
collection of case law documents, where each case may serve as a
query or a candidate case.

The training data used in this study is constructed from the union
of the previous year’s Task 1 training and test collections, yielding
a candidate pool of 7,709 cases. The test collection consists of 1,848
candidate cases. Only the cases appearing as keys in the JSON file
are treated as query cases; the system retrieves relevant noticed
cases for each query from the corresponding candidate pool. In the
training set, the annotations are provided in JSON format, where
each query case is mapped to a set of ground-truth noticed case
identifiers. For example:

{
"000001.txt":

["000005.txt", "012101.txt"],
"003423.txt":

["398421.txt", "012101.txt", "173651.txt"],
"012831.txt":

["000001.txt"],
...
}

For the test set, only the query cases are provided, and the system
is required to retrieve the corresponding noticed cases from the
entire corpus. The retrieval process must be fully automatic and
cannot rely on any manual intervention.

The task is formulated as a retrieval problem, where systems are
expected to return a ranked list of candidate cases for each query,
ordered by relevance.

System performance is evaluated using the standard Information
Retrieval metrics of Precision, Recall, and F1-score, which together
measure the accuracy and completeness of the retrieved results.

3 Related Work
Legal Information Retrieval, and Legal Case Retrieval in particular,
has evolved alongside broader developments in Natural Language
Processing, moving from keyword-based retrieval to semantic and
neural methods. In the COLIEE competition, prior systems have
mainly addressed three recurring challenges: vocabulary mismatch,
the extreme length of legal documents, and the need to capture
complex legal reasoning [11].

3.1 Lexical and Hybrid Retrieval
Traditional lexical methods such as BM25 [19] remain strong base-
lines because they perform well when relevant documents share
explicit terms with the query. However, their reliance on surface-
level term matching makes them vulnerable to vocabulary mis-
match. To mitigate this limitation, many recent systems combine
lexical retrieval with dense semantic retrieval [9, 16]. Transformer-
based encoders such as BERT and its variants [8, 15], as well as
Sentence-BERT [18], have made it possible to model semantic simi-
larity beyond exact word overlap. One recent COLIEE submission
reported that combining BM25 with dense retrievers can improve
candidate recall [16].

3.2 Neural Re-ranking and Domain Adaptation
Neural re-ranking plays a crucial role in modern retrieval systems
because it allows more fine-grained modelling of query-document
interactions [26]. MonoT5 [17] has shown strong performance in
re-ranking tasks by reformulating ranking as sequence genera-
tion. However, the domain gap between general-purpose training
data and legal language remains a challenge [2, 9]. Domain adap-
tation techniques, such as fine-tuning on legal corpora or using
domain-specific models like LEGAL-BERT [2] can improve per-
formance in Legal NLP tasks. A prior COLIEE system has also
explored related strategies, including LLM-based summarization
and fine-tuned ranking models [23]. In this paper, we extend this
line of work by comparing general-purpose and domain-adapted
re-ranking models in our retrieval pipeline.

3.3 Legal-Specific Large Language Models
LLMs have also opened new possibilities for legal text modelling in
the last two years, especially for tasks that require reasoning over
facts, legal principles, and case relationships. Techniques such as
Chain-of-Thought prompting [22] and Retrieval-Augmented Gen-
eration [12] have shown strong potential. In the legal domain, spe-
cialised models trained on legal corpora, such as SaulLM-7B [4],
provide improved understanding of legal terminology and reason-
ing, making them suitable for identifying relationships between
cases.

3.4 Summarisation and Information Distillation
The extreme length of legal documents presents significant chal-
lenges for neural models, often leading to information loss in long-
context processing. This has resulted in a variety of approaches
to address this issue, including representing long legal documents
as alternative data structures such as graphs [25]. Other structure-
aware approaches that leverage domain knowledge include LSDK-
LegalSum [10], which emphasises partitioning judicial judgments
into functional logical sections. In this work, we draw inspiration
from the UMNLP team’s strategy at COLIEE 2024 [6], which demon-
strated the effectiveness of distilling cases into concise legal propo-
sitions to fit within model constraints while preserving essential
facts. These studies support the broader idea that legal information
distillation can improve retrieval effectiveness under long-context
constraints.

4 Methodology
As shown in Figure 1, we propose a multi-stage retrieval and re-
ranking framework designed to address the challenges of long-
context legal documents, implicit semantic relationships, and the
absence of explicit citations in COLIEE Task 1. Given a query case 𝑞
and a corpus C, the system aims to retrieve a ranked list of noticed
cases. The overall pipeline consists of four stages: (1) legal semantic
abstraction, (2) hybrid first-stage retrieval, (3) neural re-ranking,
and (4) result selection and filtering. These stages are described in
the following sections.

4.1 Legal Semantic Abstraction
Legal case documents are often lengthy and complex, and not all
parts of a full judgment are equally useful for notice-case retrieval.
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Figure 1: Overview of the proposed multi-stage legal case retrieval framework.

In particular, retrieval is more likely to benefit from information
about the core legal issue, the reasoning of the decision, and the
most salient facts than from procedural background or other mate-
rial that is peripheral to the dispute [7, 20]. To reduce this noise, we
generate a structured case overview for each document using the
deepseek-chat LLM through an API-based prompting pipeline.
The overview generation step is designed to preserve legally salient
information while compressing the original judgment into a shorter
and more retrieval-oriented representation.

Each case is converted into a structured summary with three
predefined sections:

• [ANCHORS]: key legal terms and cited statutory provisions;
• [LOGIC]: the main legal issue and the core reasoning of the
decision;

• [FACTS]: a concise description of the factual background.

The prompt explicitly instructs the model to extract legal key-
words, identify exact statute names and section numbers, sum-
marise the core legal issue and ratio decidendi, and provide a brief
factual summary. It also includes a task-specific constraint requir-
ing the tag Foreign Law Interpretation when the case turns on the
interpretation of foreign law. To ensure consistent formatting, the
model is required to output the exact section headers and termi-
nate the response with a special [END] marker, after which the
output is post-processed and cleaned. The full prompt is provided
in Appendix A.

The intent of this structured abstraction is to reduce the length
of the document while preserving information that is more likely to
support notice-case retrieval. The resulting overviews are then used
as inputs for both first-stage retrieval and downstream re-ranking.

4.2 Hybrid First-stage Retrieval
To obtain a high-recall candidate pool, we adopt a hybrid retrieval
framework that combines lexical matching with dense semantic
retrieval. All retrieval operations are performed on the generated
case overviews.

Lexical Retrieval. We use BM25 [19] as a strong baseline for term-
based matching. Documents are preprocessed using tokenisation
and stemming. We tuned the BM25 hyperparameters empirically
on COLIEE 2026 training set and found that 𝑘1 = 1.6 and 𝑏 = 0.9
gave the best performance for our legal retrieval task.

Dense Retrieval. We employ BGE-M3 [3], a dense embedding
model capable of encoding long textual inputs. Each case overview
is mapped to a dense vector, and similarity is computed using inner
product.

Fusion. The ranked lists from BM25 and dense retrieval are com-
bined using Reciprocal Rank Fusion (RRF) [5], with a smoothing
parameter 𝐾 = 60, following the original paper. RRF was chosen on
the basis that it is a commonly-used fusion method that is straight-
forward to implement [13]. The fused score 𝑅𝑅𝐹 (𝑑) for a document
𝑑 is defined as:

RRF(𝑑) =
∑︁
𝑟 ∈𝑅

1
𝐾 + rank𝑟 (𝑑)

where 𝑅 denotes the set of retrieval methods and rank𝑟 (𝑑) is the
rank of document 𝑑 in the set of results returned by method 𝑟 . We
retain the top 200 fused candidates for the next stage. We chose
this cut-off to match the number of results returned by both BM25
and dense retrieval, so that fusion preserves the full candidate set
contributed by each retriever while still providing a manageable
pool with good recall for downstream re-ranking.

4.3 Neural Re-ranking
To further refine the candidate set, we apply neural re-ranking
models that capture fine-grained relationships between query and
candidate cases. Each query-candidate pair is formatted as a text
pair and scored independently. We submitted three final runs to
COLIEE, each corresponding to a different re-ranking pipeline:
Pipeline-Base (submitted with the label ucdcs1), Pipeline-FineTune
(ucdcs2), and Pipeline-SaulLM (ucdcs3). All three pipelines share
the same document abstraction and first-stage retrieval framework,
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and differ only in the re-ranking model used in the second stage.
The following paragraphs describe the three submitted pipelines.

Pipeline-Base (ucdcs1). We use MonoT5 [17], a sequence-to-
sequence model trained on MS MARCO [1], as a general-purpose
re-ranker. The model takes a query-case pair as input and produces
a relevance score in a zero-shot setting.

Pipeline-FineTune (ucdcs2). To reduce the domain gap be-
tween general-domain ranking data and legal case retrieval, we fine-
tuneMonoT5 on the training set, starting from castorini/monot5-
base-msmarco. The task is formulated as binary sequence genera-
tion over query-document pairs. Both queries and candidate docu-
ments are represented by the generated case overviews rather than
the full judgments.

Positive pairs are constructed from gold noticed-case labels. Neg-
ative pairs are limited to at most five per query. We define hard
negatives as non-relevant candidate documents retrieved for the
same query by the first-stage candidate pool. After excluding the
query document itself, gold positives, and documents without avail-
able overviews, we take the top 30 such non-relevant candidates as
a hard-negative pool and randomly sample up to five from this pool.
Random negatives are used only as a fallback when fewer than five
hard negatives are available, for example if the candidate pool is
missing or if too few valid non-relevant candidates remain after
filtering. To avoid query leakage, the data are split at the query
level into training and development sets with an 80/20 split. We
use a maximum input length of 1024 tokens to preserve richer legal
context, and train the model for 2 epochs with a learning rate of
1 × 10−5.

Pipeline-SaulLM (ucdcs3). Our third run is based on a domain-
specific large language model, SaulLM-7B [4], which is pre-trained
on large-scale legal corpora. We formulate the re-ranking task as an
instruction-following problem, prompting the model to determine
whether a candidate case provides decision-supporting evidence
for a query case.

Instead of directly generating textual outputs, we convert the
model’s predictions into continuous relevance scores via a logit-
based scoring mechanism. During inference, we extract the raw
logits corresponding to the first generated token. Let 𝐿Yes and 𝐿No
denote the logits for the tokens “Yes” and “No”, respectively. We
then define the relevance score 𝑆 for a query–document pair as:

𝑆 =
𝑒𝐿Yes

𝑒𝐿Yes + 𝑒𝐿No
(1)

This formulation provides a relative relevance score for ranking,
enabling fine-grained ranking and more stable threshold-based
filtering in the final stage. In practice, we use a context window of
up to 4,096 tokens to accommodate the structured case overviews.

4.4 Result Selection and Filtering
A key challenge in Task 1 is that the number of noticed cases varies
substantially across queries and is unknown at inference time. We
therefore require a decision rule that converts the continuous scores
produced by the neural re-rankers into a discrete set of predictions.
To address this issue, we apply an adaptive filtering procedure
whose parameters are tuned on a hold-out development split of

the training data and then fixed for inference on the unseen test
set. The goal is to balance precision and recall while accounting for
query-level variation in the number of relevant cases.

Hybrid Cutoff Strategy. Our main method is a Hybrid Cutoff
strategy that combines a rank-based limit with a score threshold.
For each query, we first retain the top 𝐾 = 7 candidates according
to the re-ranking scores. We then apply a threshold 𝜏 = 0.75 and
remove candidates whose scores fall below this value. This two-
stage procedure restricts the output to highly ranked candidates
while filtering out low-scoring ones, which helpsmaintain precision.
However, because the final output is selected from a much smaller
subset of the top-200 candidate pool, relevant cases that are not
assigned sufficiently high re-ranking scores may fall below the final
cut-off and therefore be excluded from the submitted predictions.

Score Gap Analysis. For the fine-tuned models and SaulLM, we
also examine a Score Gap strategy. Instead of using a fixed score
threshold, this method scans the ranked list from top to bottom and
computes the score difference between adjacent candidates. Let 𝑠𝑖
denote the score of the candidate at rank 𝑖 . We define the local score
gap as Δ𝑖 = 𝑠𝑖−1 − 𝑠𝑖 . Starting from the top-ranked candidate, we
retain candidates until the first position where Δ𝑖 ≥ 𝛾 , where 𝛾 is a
run-specific gap threshold, selected separately for each run on the
development set by grid search; this point is treated as a boundary
between the leading score cluster and lower-confidence candidates.
This makes the cut-off less rigid than a fixed threshold alone.

Forced Selection Mechanism. To avoid the extreme case in
which no candidate survives filtering, we further apply a Forced-
One Fallback. If the filtered set 𝑆final is empty, the highest-scoring
candidate is returned. This guarantees that each query receives at
least one predicted noticed case and avoids a zero-recall outcome
for that query.

Overall, this result selection procedure provides a practical way
to convert ranking scores into final predictions. It combines rank-
based pruning, score-based filtering, and a simple fallback mech-
anism to better handle variation in the number of relevant cases
across queries.

5 Pipeline Development
The development of our system was an iterative process informed
by comparative analysis on the COLIEE training data. In this section,
we summarise the main alternatives we explored and explain how
these observations informed the design of our final submission
pipelines.

5.1 Alternative Methodology Evaluation
Wefirst evaluated retrieval-only approaches, including BM25, dense
retrieval, and a hybrid of these. While these methods achieved
relatively high recall, they consistently suffered from low precision,
as many retrieved cases were only topically related rather than
legally relevant. This suggests that retrieving a large candidate set
is insufficient without accurately identifying decision-supporting
relationships.

We also tested representative re-ranking models from prior work,
such as BGE-Reranker-v2-m3. While such models are effective on
general-domain retrieval benchmarks, they were less competitive



UCDCS at COLIEE 2026: A Multi-Stage Framework for Legal Case Retrieval via Structural Abstraction and Specialised LLMs COLIEE-2026, June 12, 2026, Singapore

in our legal retrieval setting. In particular, they appeared to favour
topical similarity over deeper legal relevance, and therefore often
failed to capture the case relationships needed for noticed-case
identification. For this reason, we did not include these models in
our final submission pipelines.

5.2 Selection of Final Pipelines
Based on the above observations, we conclude that a two-stage
framework combining high-recall retrieval with strong re-ranking
is necessary for this task.

We therefore adopt MonoT5 (both base and fine-tuned variants)
and SaulLM-7B as our primary re-ranking models. These models
provide complementary strengths: MonoT5 offers stable perfor-
mance as a cross-encoder, while SaulLM-7B demonstrates enhanced
capability in modelling complex legal reasoning. Instead of relying
on a single architecture, we design three independent pipelines
to explore different trade-offs between generalisation and domain-
specific reasoning.

6 Experiments and Results
In this section, we present the evaluation of our proposed frame-
work on the COLIEE 2026 Task 1 dataset.

6.1 Evaluation Metrics and Setup
Following the official COLIEE evaluation protocol, we report Preci-
sion, Recall, and F1-score. For the official submissions, our models
were trained on the released COLIEE training set and then used to
predict noticed cases for the unlabelled test set. No test labels were
available at submission time. All experiments were performed on
an Apple M2 Max device with 32GB unified memory.

6.2 Results
Table 1 presents the official evaluation results of our three submitted
runs. Among them, ucdcs3, which uses SaulLM as the re-ranking
model, achieves the best F1-score. The differences among the three
UCD-CS runs are relatively small, with all three producing compa-
rable overall performance.

Overall, our system ranks in the middle tier of the shared task.
These results indicate that the proposed framework provides a
competitive baseline, while also leaving clear room for further
improvement.

6.3 Comparison of Submitted Runs
Although the three submitted runs share the same first-stage re-
trieval framework, they differ in the re-ranking model and final se-
lection strategy. As discussed in Section 3.2, ucdcs1 uses zero-shot
MonoT5-Base as the re-ranker, ucdcs2 uses a domain-finetuned
MonoT5-Base model, and ucdcs3 uses SaulLM-7B with logit-based
scoring. As shown in Table 1, these three configurations achieve
similar official F1-scores despite using different re-ranking models.

To further compare the behaviour of the three runs, we measured
the overlap between their final predicted noticed-case sets using
pairwise Jaccard similarity. For each query, we computed the Jaccard
similarity between the returned case sets of each pair of runs and
then averaged the scores over all queries. To distinguish overall
output overlap from overlap in relevant retrieved cases, we also

Team Run F1 P R
NOWJ submission_2 0.4220 0.4235 0.4206
JNLP random_forest 0.4126 0.4341 0.3931
SIL submission_sil2 0.3871 0.4186 0.3600
mezza task_1_mezzanino 0.3289 0.3161 0.3429
INTIT 3.intit_bm25_year 0.3165 0.3249 0.3086
DU du3 0.3141 0.2945 0.3366
FLNLP task1_flnlpltr 0.2935 0.2619 0.3337
UA ua_run3 0.2666 0.2038 0.3851
UCD-CS ucdcs3 0.2645 0.2480 0.2834
UCD-CS ucdcs1 0.2607 0.2131 0.3354
UCD-CS ucdcs2 0.2565 0.2405 0.2749
JUNLLP task1_run2_results 0.2525 0.2193 0.2977
74688 task-1-ualbany 0.2346 0.2130 0.2611
UB2026 run1 0.2233 0.2338 0.2137
Sach sach_task1_run2 0.2231 0.1631 0.3531
BJPWH bjpwh3 0.2101 0.1510 0.3451
ABAI run2recall 0.1771 0.1596 0.1989
AIIRLab task1_aiirqwen 0.1516 0.2642 0.1063
bosch bosch_task1_run 0.1466 0.0892 0.4103
KeioAndrewShin task1_submission_v9 0.1383 0.1527 0.1263

Table 1: COLIEE Task 1 results ranked by F1 score. For each
team, only the best-performing run (by F1) is reported, ex-
cept for UCD-CS where all runs are included (P=Precision,
R=Recall).

computed a correctness-restricted Jaccard similarity using only
correctly returned noticed cases, i.e., after intersecting each run’s
prediction set with the gold noticed-case set for that query. The
results of these are shown in Table 2.

Run Pair Overall Jaccard Correct-only Jaccard
ucdcs1 vs ucdcs2 0.4741 0.7860
ucdcs1 vs ucdcs3 0.4864 0.8010
ucdcs2 vs ucdcs3 0.7137 0.8659

Table 2: Average pairwise Jaccard similarity between the final
returned noticed-case sets of our three submitted runs, and
between their correctly returned noticed cases only, com-
puted over all test queries.

The results show that ucdcs2 and ucdcs3 are substantially more
similar to each other than either is to ucdcs1 in their overall pre-
dictions. However, the correctness-restricted Jaccard scores are
markedly higher for all three run pairs, ranging from 0.7860 to
0.8659. This indicates that, although the runs often return differ-
ent final case sets overall, there is a much stronger overlap for
relevant noticed cases they retrieve. In other words, much of the
disagreement between the submitted runs arises from differences
in non-relevant returned cases rather than from retrieving funda-
mentally different relevant cases.

As an additional analysis, we compared the three submitted runs
using ranking-oriented metrics and also evaluated an exploratory
fusion of the three runs using Reciprocal Rank Fusion (RRF).

While the official submission results in Table 1 are reported in
terms the set-based metrics of precision, recall, and F1, we further
computed Mean Average Precision (MAP) in a post-hoc analysis
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Run MAP F1 Precision Recall
ucdcs1 0.2928 0.2607 0.2131 0.3354
ucdcs2 0.2427 0.2565 0.2405 0.2749
ucdcs3 0.2660 0.2645 0.2480 0.2834
RRF-fused (Top-5) 0.2699 0.2587 0.2460 0.3511

Table 3: Comparison of the three submitted runs and an
exploratory RRF fusion. The three submitted runs are evalu-
ated over their full returned lists, while the RRF-fused run
is evaluated at top 5.

using the official ground-truth labels released by the COLIEE or-
ganisers. As shown in Table 3, ucdcs1 achieved the highest MAP
(0.2928) amongst our runs, followed by ucdcs3 and then ucdcs2.
This suggests that, although ucdcs3 performed best under the offi-
cial F1-based evaluation, ucdcs1 produced the strongest ranking
quality under this additional ranking-based analysis.

The Jaccard similarities shown above in Table 2 also motivated us
to conduct an additional post-hoc analysis, on the basis that ranked
lists with a high level of agreements on relevant documents can
often be effectively aggregated under the “chorus effect” of data
fusion [21]. We therefore fused the three submitted runs, again
using RRF with the standard constant 𝐾 = 60, and evaluated the
fused ranking at top 5. This fixed cutoff was chosen as it is reflective
of the typical cutoff values selected for the individual runs during
training under the process outlined in Section 4.4 (which in practice
ranged between 5 and 7 when optimising for F1). The fused run
achieved MAP@5 of 0.2699, Precision@5 of 0.2460, Recall@5 of
0.3511, and F1@5 of 0.2587, as also shown in Table 3. While this
setting does not exactly replicate the selection mechanisms used in
the individual runs, it still allows for a broadly comparable analysis
of ranking behaviour. Taken together with the Jaccard analysis,
these results suggest that the three runs differ noticeably in their
overall returned sets, but already overlap strongly in the correctly
retrieved noticed cases, which limits the gains obtainable from
simple post-hoc fusion.

6.4 Impact of Retrieval and Re-ranking
To analyse the role of each stage, we examine the performance of
retrieval-only methods versus our best-performing full pipeline,
which uses SaulLM for re-ranking. This comparison is based on our
own post-hoc evaluation using the ground-truth labels released by
COLIEE, and is therefore intended as an internal analysis of system
behaviour rather than as part of the official competition results.

Method MAP F1 Precision Recall
BM25 (Top-200) 0.3530 0.0634 0.0339 0.7866
Dense (Top-200) 0.3055 0.0348 0.0180 0.8210
Hybrid (Top-200) 0.3455 0.0359 0.0186 0.8493
Hybrid (Top-20) 0.3243 0.1784 0.1156 0.5760
Full Pipeline (SaulLM) 0.2660 0.2645 0.2480 0.2834

Table 4: Comparison between retrieval-only methods and
the full pipeline.

As shown in Table 4, retrieval-only methods serve as an initial
coarse filtering stage: they achieve high recall while substantially

reducing the number of candidate cases that need to be examined.
Their MAP values also show that they can rank some relevant cases
near the top of the candidate list. However, their precision is ex-
tremely low, resulting in poor F1-scores. Applying neural re-ranking
on these filtered candidates substantially improves precision and
overall F1 performance, at the cost of recall and consequently MAP.

This result demonstrates that in legal case retrieval, retrieval
acts primarily to narrow down the search space and ensure rele-
vant cases are included, while re-ranking is essential for accurately
identifying the most relevant cases.

7 Discussion
The Precision-Recall Trade-off in Legal Retrieval. The results in

Table 4 show clear performance shifts across different stages of
the pipeline. The hybrid retrieval stage (BM25 + BGE-M3) achieves
high recall (0.8493), but recall decreases to 0.2834 in the full pipeline,
together with a substantial increase in precision. This trade-off re-
flects the design and current limitation of our system. The first-stage
retriever is intended to preserve a broad set of potentially relevant
cases, and the top-200 candidate pool already contains many true
noticed cases. However, the re-ranking stage does not consistently
assign sufficiently high scores to all of these true noticed cases. As
a result, some relevant cases remain in the candidate pool but are
ranked below the final output cut-off and are not included in the
final predictions.

In COLIEE Task 1, where the number of noticed cases varies
across queries and is unknown at inference time, this ranking dif-
ficulty becomes especially important. Legal relevance is not de-
termined by topical similarity alone, and some noticed cases may
support the query case throughmore subtle reasoning links. This ex-
plains why the system achieves a large precision gain over retrieval-
only baselines but does not obtain a proportional improvement in
recall or overall 𝐹1.

Beyond Semantic Similarity: Judicial Logic vs. Topicality. One
important observation from our development experiments is the
difference between general semantic similarity and legal relevance.
General-purpose rerankers often assign high scores to case pairs
that are topically similar but do not have a genuine relationship in
terms of supporting legal reasoning.

Interestingly, the zero-shot MonoT5-Base model (ucdcs1) pro-
vided a strong baseline and outperformed our fine-tuned variant
(ucdcs2). One possible explanation is that the available legal train-
ing data are limited, which may make the fine-tuned model more
vulnerable to overfitting. At the same time, the better performance
of SaulLM-7B suggests that legal-domain pre-training remains use-
ful for capturing case relationships that depend on judicial rea-
soning, which is consistent with our previous findings on domain
pre-training in the context of legal argumentation mining [24]. Our
logit-based scoring method also allows SaulLM outputs to be used
as continuous ranking scores rather than simple binary decisions.

Efficacy of Structural Legal Abstraction. The transition from full-
text processing to structured Legal Overviews appears to play an
important role. By distilling legal documents into structured com-
ponents—[ANCHORS], [FACTS], and [LOGIC], we aim to reduce
procedural noise and preserve the information most relevant to
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noticed-case retrieval. This design is also motivated by the ‘lost
in the middle’ phenomenon common in long-context Transformer
architectures, where models tend to make less effective use of infor-
mation located in the middle of long input sequences [14]. Similar
structured prompting methodologies have also shown promise in
handling extensive legal datasets where procedural noise often
masks critical signals [10].

Limitations and Future Work. Our experimental results demon-
strate that the hybrid retrieval stage achieves high recall (i.e., 0.8493
at 𝐾 = 200), indicating that our framework provides a reliable
candidate pool for downstream re-ranking. However, although the
subsequent re-ranking stage improves precision, it does not pro-
duce a comparable gain in overall 𝐹1, partly because the increase
in precision is accompanied by a reduction in recall. This suggests
that the current neural re-rankers may still struggle to consistently
identify all true noticed cases from the top-200 candidates, espe-
cially when the relevant cases depend on complex logical signals
rather than strong topical similarity.

Furthermore, the system remains sensitive to the quality of the
LLM-generated overviews; missing critical legal anchors during the
abstraction phase can lead to cascading errors in the downstream
process. Despite the long-context capabilities of BGE-M3, our sys-
tem also faces challenges in handling subtle, cross-case analogies
that necessitate multi-hop reasoning.

Consequently, our future research will prioritise the exploration
of more effective re-ranking architectures and specialised fine-
tuning strategies specifically tailored for judicial logic. By investigat-
ing alternative model variants and more intensive domain-specific
training, we expect to further bridge the gap between candidate
retrieval and precise case identification.

8 Conclusion
In this work, we presented a multi-stage retrieval and re-ranking
framework for legal case retrieval in COLIEE 2026 Task 1. The
framework combines structured legal abstraction, hybrid first-stage
retrieval, and neural re-ranking to address several core challenges
of the task, including long judicial documents, vocabulary mis-
match, and the difficulty of identifying decision-supporting case
relationships.

Our experiments show that hybrid retrieval can provide a high-
recall candidate pool, while downstream re-ranking improves the
precision of the final predictions. The results also suggest that
legal-domain adaptation remains important for this task, although
accurately distinguishing subtle decision-supporting relationships
between topically similar cases is still difficult. In particular, the gap
between candidate recall and final ranking performance indicates
that re-ranking remains the main challenge in the current system.

Future work will focus on stronger legal re-ranking strategies,
more effective domain-specific training, and improved use of struc-
tured legal representations. These directions may help narrow the
gap between broad candidate retrieval and precise noticed-case
identification.
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A Prompt for Legal Semantic Abstraction
For transparency and reproducibility, we provide below the ex-
act prompt used to generate the structured case overviews in our
implementation.

You are an expert Legal Case Analyst. Your goal is

to extract key

information from the provided Canadian Federal

Court judgment to help

find similar cases in a database.

** INSTRUCTIONS :**

Analyze the text and extract information into the

following THREE sections.

1. **[ ANCHORS ]** (High Priority):

- ** KEYWORDS **: Extract or generate 5-7 distinct

legal terms

(e.g., "Family Class", "Adoption", "

Procedural Fairness ").

*Crucial: If the case turns on the

interpretation of a foreign

country 's law , MUST include the tag "Foreign

Law Interpretation ".*

- ** STATUTES **: List EXACT statute names and

section numbers cited.

2. **[ LOGIC ]** (High Priority):

- **Issue **: What is the primary legal question?

- **Ratio **: The core reasoning for the decision

.

*Focus on the specific legal error or

principle.

Do NOT output generic "Standard of Review"

boilerplate .*

3. **[ FACTS ]** (Medium Priority):

- Provide a concise summary (max 50 words) of

the factual background.

Who are the parties? What triggered the

dispute?

** CONSTRAINTS :**

- Output format must use the exact headers: [

ANCHORS], [LOGIC], [FACTS].

- ** CRITICAL **: You MUST write "[END]" immediately

after the Facts

section to signal completion.

**TEXT TO PROCESS :**

'''

{text}

'''

**FINAL CHECKLIST FOR YOU:**

1. Did you include [ANCHORS ]?

2. Did you include [LOGIC]?

3. Did you include [FACTS]? (DO NOT FORGET THIS

SECTION)

4. Did you end with [END]?

** OUTPUT :**
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